Abstract-Personalised learning is a way of organising the learning content and to be accessed by the individual learner in a manner that is suitable to learner's requirements. There are existing related works on personalised e-learning systems that focused on learner's preference without considering the difficulty level and the relationship degree that exists between various course concepts. Hence, these affect the learning ability and the overall performance of learners. This research paper presents a genetic algorithm-based curriculum sequencing model in a personalised e-learning environment. It helps learners to identify the difficulty level of each of the curriculum or course concepts and the relationship degree that exists between the course concepts in order to provide an optimal personalised learning pattern to learners based on curriculum sequencing to improve the learning performance of the learners. The result of the implementation showed that the genetic algorithm is suitable to generate the optimal learning path using the values of difficulty level and relationship degree of course concepts. Furthermore, the system classified the learners into three different understanding levels of the course concepts such as partially, moderately and highly successful.
I. INTRODUCTION
Learning is the act of acquiring new, or modifying and reinforcing, existing knowledge, behaviours, skills, values, or preferences and may involve synthesising different types of information. The ability to learn is possessed by humans, animals and some machines. Effective learning is achieved where learners take an active role in their own learning [1] . E-learning is defined as the intentional use of networked information and communications technology in teaching and learning [2] . E-learning emerges to substitute classroom face-to-face interaction with discussion boards, synchronous chat, electronic bulletin boards blogs, wiki and e-mails [3] .
Personalisation refers to instruction that is paced to learning needs, tailored to learning preferences and tailored to the specific interests of different learners. In an environment that is fully personalised, the learning objectives and content as well as the method and pace may all vary [4] . Personalisation is the process of making a generalised content specific to the needs and traits of the user. Personalisation increases the effectiveness of web based applications [5] . Curriculum sequencing is an important issue to achieve learning goal especially in elearning systems.
Curriculum sequencing is an important research area for e-learning because no particular learning part is appropriate for all learners [6] . Curriculum sequencing aims at providing an optimal learning path to individual learners since every learner has different prior background knowledge, preferences, and often various learning goals [7] . Generally, inappropriate course concepts lead to learner's disorientation during learning processes, thus reducing learning performance [7] . Curriculum sequencing is another medium in managing learning routes for students to achieve curriculum goals.
Some existing works on personalised e-learning systems focused on learner's preference without considering the difficulty level of the course concepts, degree of relationship that exists between the various course concepts, and the time spent by students to learn a given course concept. Hence, the learning ability and the overall performance of learners are mostly impaired. This research paper develops a genetic algorithm-based curriculum sequencing model in a personalised e-learning system. It takes into consideration the relationship degree that exists between the course concepts and the difficulty level of each of the course concepts in order to improve the learners 'ability in online learning processes.
The rest of the paper is organised as follows: in section 2, some related works are stated. Section 3 describes the methods of achieving the underlined objectives of the research. Section 4 discusses the results of the findings of the research work. Finally, section 5 presents a conclusion of the paper.
II. RELATED WORKS
Learning theories are conceptual frameworks describing how information is absorbed, processed and retained during learning. Learning style refers to the way people learn, it is the way in which individuals begin to concentrate on, process, internalise, and retain new and difficult information [8] . In Huang et al. [9] , a personalised e-learning system based on genetic algorithm and case-based reasoning approach was proposed. The research claimed that most personalised systems consider learner preferences, interests and browsing behaviours when providing personalised curriculum sequencing services, the system usually did not consider whether learner ability and the difficulty level of the recommended curriculums are matched to each other.
In Oduwobi [10] , a personalised electronic learning material recommender system was developed. The research stated that the traditional learning approach is based on general recommendations in which the same learning item(s) is recommended for an entire group of learners. However, the research work was based on user's profile and on the highest rated items by learners which are not enough bases for a fully personalised system. Muthulakshmi and Uma [11] designed an ontologybased e-learning system for sports domain. E-learning has been used widely in web technology aided learning process, video conferencing etc. E-learning provides effective services online than any other computer aided tutor available. However, this research do not query template that will be useful for data extraction.
Agbonifo et al. [12] developed a new learning model that deployed fuzzy c-means clustering technique using Honey and Mumford learning style dimensions to identify and classify learner learning preference and match learner with appropriate content presentation that meet his/her requirements. Also, new assessment parameter modalities were built into the model. Neurofuzzy expert reasoning technique was used to evaluate learner learning capability relative to the learning concepts processes obtained and stored in the learner profile during the interaction of the learners with the system. However, the research did not consider the difficulty level of the course concepts.
Elusoji [13] developed adaptive personalised elearning based on Felder Silverman Learning Style Model where learning contents are sequenced using the knowledge tree technique. Furthermore, the learners' knowledge which focused on learners' interest on visited learning objects with respect to learner's educational preference throughout the online learning process. Kmeans clustering was used to divide the learning preferences into eight groups and correspondence analysis is used to partition the learning preferences into four dimensions to assign learners with common preference and interests to the same group. The research did not consider the curriculum difficulty level and concepts relationship.
III. SYSTEM DESIGN
This section discusses the system architecture, mathematical modeling and system flowchart.
A. System Architecture
The architecture of the proposed personalised elearning system is depicted in Fig 1. It consists of various components which interact together to present personalised course concepts to meet the learning ability of the individual learners. The interface agent provides a friendly interactive medium for interacting with the users and it serves as an information channel for communicating with the system. It provides the functions of account management, authorisation and query searching. The user account database stores the profile of the users, such as the names, sex, age, unique identification numbers (authorisation and verification) and status.
The testing items database contains the pretest questions based on the course concepts. The learning course concepts are the various topics in a course with detailed note on each of the topics that the individual learners are expected to study very well during the learning process. The responses of learners to the questions are used to obtain course concept difficulty and the degree of relationship between the various course concepts.
B. Genetic Algorithm-Based Curriculum Sequencing Model
The proposed model is made up of two major parameters; the concept relationship degree and concept difficultyl level. Pasquale et al. [14] and John and Joseph [15] models are adapted to establish the degree of relationship between two course concepts. Each course concept is represented as vectors in a multidimensional Euclidean space. The generic element w i,k in the space can be defined as:
\where w i,k represents the importance/weight of the k th term in the i th concept, tf i,k is term frequency of the k th term, which appears in the i th concept, N denotes the total number of concepts in the database, df k is the document frequency of the k th term (the number of concepts containing term k). The logarithm is called the inverse document frequency (IDF). Assume that there are m total terms under union of all linguistic terms of the i th concept and jth concept. The concept relation degree for the i th and j th concept can be calculated using the cosinemeasure as defined in (2) 
where Concept i (C i ), and Concept j (C j ) are expressed as follows: C i = {w i,1 ,w i,2 ,…., w i,m } and C j = {w j,1 ,w j,2 ,…., w j,m }, respectively, represent the vectors in a multidimensional space for the i th and j th concepts, r i,j denotes the concept relation degree between the i th and j th concepts.
Assume that there are n total course concepts in the course concepts database, the course concepts relation matrix for all course concepts can be expressed by the matrix R, as defined in (3):
The following describes the procedure for determining the difficulty parameters of course concepts. This research work uses a 5-point likert scale where 2 indicates ''Strongly Agree'', 1 is ''Agree'', 0 is ''Undecided'', -1 is ''Disagree'' and -2 is ''Strongly Disagree''. The final difficulty parameter of concepts is a linear combination of the concept difficulty parameter as defined by experts and assessed by learners, with a different weight assigned to each. By adapting Lee et al. [16] model, three definitions related to the collaborative response approach by experts and learners are described below:
Assume that the difficulty parameters of course concepts, = ( 1 , 2 , … )} is a set of course concept 
where b j (resp) denotes the average difficulty parameter of the j th course concept after experts and learners have given collaborative responses independently, n i,j represents the number of experts and learners that gave feedback responses belonging to the i th difficulty parameter for the j th course concept, and N j is the total number of experts and learners that rated the j th course concept. The final difficulty parameter of course concept is as defined in (5):
where b j (final) is the final difficulty parameter of the j th course concept based on b j (initial), adjustable weight, experts and learners collaborative responses. b j (initial) is the initial difficulty parameter of the j th course concept given by course experts, and w is an adjustable weight. Using equation 5, b j final is used to obtain the difficulty parameter of course concept in the course concept database based on the linear combination of the course difficulty parameters as determined by course experts and learners respectively. The personalised learning path is generated through the different stages of genetic algorithm. These different stages include; definition of chromosome strings, defining the initial population, selecting the fitness function, reproduction operation, crossover operation and the mutation operation which are described as follows:
Genetic algorithms (GAs) are general purpose search algorithms which use principles inspired by natural genetic populations to evolve solutions to problems. The basic idea is to maintain a population of chromosomes, which represent candidate solutions to the concrete problem that evolves over time through a process of competition and controlled variation. Each chromosome in the population has an associated fitness to determine which chromosomes are used to form new ones in the competition process, which is called selection. The new ones are created using genetic operators such as crossover and mutation [17] . In this research, genetic algorithm is used because several solutions are generated, out of which the best solution is chosen as the optimal learning path in order to get the best learners' performance. The genetic algorithm-based personalised e-learning system consists of the following steps: [18] model is adapted for estimating the student learning performance. Let T denotes the time given to go through a course concept, t denotes the time given to answer set of questions on a course concept, A denotes the exact time when resuming to go through a course concept, Q denotes the exact time when resuming for a course concept assessment, F denotes the exact time after finishing a course concept assessment, Y denotes the exact time spent by a student to go through a course concept and Z denotes the exact time spent by a student for course concept assessment. Then,
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Let ( ) and be a time status function and overall time status respectively such that;
Let X represent a single student, c denotes a single course concept, P denotes the total number of questions in the pretest, Ca the student responses that match the concept, Wa the student responses that do not match the concept, and Ɣ represent performance estimate. Then,
The student Learning performance category, L is expressed as:
C. System Flowchart
The Fig. 2 gives a detailed step by step way of realising the personalised e-learning system. Its different components include: the login, course concept materials, pretest and performance evaluation. When a user login to the system, the system verifies if the user is an instructor or a learner. If the user is an instructor which is also known as course concept expert, the instructor is allowed to prepare the learning material's course concepts, questionnaires and testing items. If the user is a learner, he is allowed to supply his profile Information. Thereafter, the learner is allowed to select the tasks to be performed such as course concepts to study and the need to respond to questions. The score of learner's learning performance in course concepts is displayed. 
IV. RESULTS AND DISCUSSION
The section discusses the results of using genetic algorithm in generating optimal learning path and the outcome of the assessment carried out on students based on the course concepts. Table 1 shows the result of the difficulty level for the course concepts is based on the collaborative responses of the experts and learners' opinions from the questionnaires. Table 2 shows the result of the degree of relationship between course concepts. The Tables 1 and 2 are used as inputs into the genetic algorithm to generate the optimal learning path as depicted in Table 3 . 
A. Optimal Learning Path

B. Students' Learning Performance
The learning material that was used for the purpose of this research work is Computer Network which involved five basic course concepts. The course concepts are synchronized with learning duration (T) and assessment duration (t) as shown in Table 4 . The students' learning performance was determined by conducting summative assessment on nineteen (19) students from 400 level of Achievers University Owo, Ondo State and the results of the learning outcome of concepts (C 1 and C 5 ) are depicted in Tables 5 and 6 respectively showing the learning understanding levels of the learners. Table 5 . The learning category of learners in introduction to computer networks (C1 = Concept 1) Table 6 . The learning category of learners in introduction to computer networks (C5 = Concept 5) Figs. 3 and 4 indicate the classification of the nineteen (19) learners to different learning performance categories based on the level of learners' understanding of the concepts (C 1 and C 5 ). It is observed that two (2) learners belong to the partially successful category, six (6) learners belong to the moderately successful and eleven (11) learners belong to the highly successful category in concept C 1 . Furthermore, one (1) learner belong to the partially successful category, five (5) learners belong to the moderately successful category and thirteen (13) learners belong to the highly successful category C 5 . The concept of personalised e-learning is currently a research focus in the fields of education and psychology that has received great attention in order to deliver learning in a manner that attracts learners' requirements such as learners' interest, motivation and background knowledge. In this research work, a genetic algorithmbased curriculum sequencing model in personalised elearning environment was presented. The research adopted genetic algorithm to generate the optimal learning path for the learners by considering both the difficulty level and degree of relationship between course concepts. Based on the performance assessment, the results of the learners' learning outcome of the course concepts showed the significance of the curriculum sequencing in personalised e-learning system. 
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